In this paper we analyse the impact of R&D on total factor productivity across Chinese provinces.
Introduction
Despite China´s remarkable achievements and miraculous growth, a great deal of debate and attention has focussed on China's uneven regional developments. Urban and rural standards of living continue to be poles apart. Therefore, the country's leadership has recently been contemplating a smoother ride on its development path by setting forth a guideline prioritising "harmony". The sustained reforms and opening-up over the past two and half decades have resulted in prosperity for many Chinese citizens, but the cross-country income gaps are among the top concerns of the Chinese government. The government´s uneasiness stems from the fact that China's history is littered with rebellions, uprisings, and revolutions sparked by economic inequalities. Against this historical experience, Chinese leaders have placed the concept of a "harmonious socialist society" for renewed political legitimacy and political cohesion of the country at the top of their list of things to do. It is envisaged that this harmonious society should enable all the people to share the social wealth brought by reform and development.
Productivity growth is probably the single most important indicator of an economy's health and driver of its real GDP in the long run. The more productive an economy, i.e. the more effectively it uses its capital and labour, the greater its prosperity and standard of living. Productivity can be measured in different ways. Labour productivity is a widely used and transparent measure, but it provides only a partial view of the relationship between inputs and outputs. Total factor productivity (TFP), which can be traced back to the seminal paper by Solow (1957) , takes into consideration all inputs and is thus a better measure of technological change. 1 There is growing theoretical and empirical evidence that innovation is among the main sources of TFP growth. Product-related R&D activity creates new markets and process-related R&D activity reduces production costs. When an innovation is commercially successful, its effects spill over to other firms and across regional and national boundaries. The emergence of the R&D-based endogenous growth literature has re-emphasized the strategic role of technological advance in economic dynamics over time and space. The technological gap is frequently cited as an important factor in explaining income disparities between countries and regions. The recent rise of new growth theory has also led to an overlap between the macroeco-nomic growth literature and the empirical literature on R&D. R&D-based growth models emphasize the idea that economic growth results from the increasing returns associated with new knowledge.
These are models with two sectors: producers of final output and an R&D sector. The R&D sector develops ideas that lead to a monopoly situations. R&D firms are assumed to be able to make monopoly profits by selling ideas to production firms, but the free entry condition means that these profits are dissipated on R&D spending. The implications of this approach are that the higher investment in R&D, the higher the innovative capacity and the faster the economic growth.
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In the paper below we try to disentangle the importance of R&D for growth across Chinese provinces. We also investigate different capacities to innovate and to assimilate innovation. These differences may be important for explaining persistent differences in economic performance.
The remainder of the paper is divided into three parts. Section 2 provides a brief overview of the methodological issues of estimating production functions and the building blocks of existing estimators for resolving them. In section 3, we detail our estimation of the structural parameters of the production function and discuss the estimation results in the light of previous studies. Finally, conclusions and implications for Chinese policy making are presented in Section 4.
Growth accounting: Methodological issues
As stated above, the objective of this paper is to shed light on the determinants of regional economic growth in China. Production functions are used to examine the role of human capital, physical capital, R&D and R&D spillovers in China´s innovations. For the purpose of exposition, we introduce our empirical approach by means of the simplest conceivable two-factor Cobb-Douglas production function
where Y it is GDP of province i in period t, K it and L it and inputs of capital and labour, and A it is the efficiency level of province i in period t. 4 The subscripts i and t refer respectively to the province and the year. While Y it , K it and L it are observable, A it is not observable to the researcher. Taking the logarithm of both sides and appending an iid error term yields
where lower-case letters refer to natural logs and ln(A it ) = α + ε it . α measures the mean efficiency across China and ε it is the province-and time-specific deviation from that mean. ln(Ait) can further be decomposed into an observable (or at least predictable) and an unobservable component according to (3) ,
where κ it represents province-level productivity and u it is an iid component representing measurement errors and/or omitted variables. In other words, the difference between κ it and u it is that the former is a state variable and hence impacts regional economic performance. Estimated productivity can then be calculated as
and TFP in levels can be obtained as the exponential of κ it , i.e. TFP it = exp(κ it ). Three prominent econometric difficulties arise when TFP is estimated applying ordinary least squares (OLS) to equation (4). First, when using a balanced panel of Chinese provinces no allowance is made for endogenous location decisions, resulting in a selection bias. Second, since productivity and input choices of provinces are likely to be correlated, OLS introduces an endogeneity problem. Third, the product mix is likely to be related to TFP.
The location bias results from the fact that investment decisions of Chinese firms are related to productivity. 5 To make a long story short, high productivity may trigger investment. If 5 Because of their geography and preferential policies, the more developed coastal regions have also been able to attract more foreign direct investment. It is very likely that this exposure to foreign direct investment had a positive impact on TFP. Aziz and Duenwald (2001) , Zou and Zhou (2007) and Maasoumi and Wang (2008) have identified club convergence across Chinese provinces. While per capita GDP of poor provinces is catching up with those of the rich ones, the relative income distribution appears to be stratifying into several modes or clubs.
firms have prior knowledge about regional productivities levels κit prior to the investment decision, this will generate correlation between uit and fixed capital. In sum, the problem of endogeneity of attrition or location will generate a negative correlation between uit and kit , causing the capital coefficient in the production function to be biased downwards. The endogeneity problem arises because the inputs in the production function (2) are determined by the characteristics of the province, including its efficiency level. This endogeneity of inputs is defined as the correlation between the level of inputs chosen and unobserved productivity shocks. 6 Finally, Bernard et al. (2005) noted that TFP estimates encounter the product mix problem: the provinces´ output composition is likely to be correlated to their productivity.
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To remedy these problems, instrumental variables (IV) or fixed effects may be used. IV estimation tries to achieve consistency of coefficient estimates by instrumenting the independent variables that cause the endogeneity problem with regressors that are correlated with these inputs, but uncorrelated with unobserved TFP. In practice, IV estimators have not been particularly useful. One of the obvious shortcomings is the lack of instruments. Furthermore, IV estimation techniques do not provide any solution to the endogeneity-of-location problem .
By assuming that κ it is province-specific but time-invariant, it is possible to estimate (2) using a fixed effects estimator. Moreover, when the endogeneity of location is determined by the time-invariant fixed effects, the fixed effects estimator should also sort out the attrition problem. In spite of the attractive properties of the fixed effects estimator, however, it often leads to unreasonably low estimates of the capital coefficient β. To sum up, traditional estimation methods are vitiated by endogenity and attrition problems and estimation biases. Below, we briefly introduce the more suitable semiparametric (control function) estimator suggested by Olley and Pakes (1996) , with special attention to its advantages and drawbacks. Olley and Pakes (1996) were the first to introduce an estimation algorithm that controls for both the endogeneity and the attrition bias and yields reliable production function estimates. The idea of the 6 In the presence of many issues of inputs and simultaneity it is usually impossible to determine the direction of bias in the estimated β coefficient in equation (2). Levinsohn and Petrin (2003) illustrated, for a two-input production function where labour is the only freely variable input and capital is quasi-fixed, that the estimated β coefficient will be biased downward if a positive correlation exists between labour and capital. The coefficients of the variable inputs will be biased upwards.
estimator is to invert demand for capital to infer unobserved productivity shocks and then use the estimated productivity shock as a regressor in the production function. 9 The additional attrition problem is addressed by using attrition probabilities.
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To be specific, the amount of domestic and foreign investment in region i is assumed to depend on capital and productivity according to (5) .
( )
Provided investment is strictly increasing in productivity and conditional on capital, it is straightforward to invert factor demands: (6) ,
where . Inserting (6) into (2), yields
.
Define the function (8) .
Estimation then proceeds in three steps. In the first stage of the semiparametric algorithm, the following equation is estimated using OLS (9) ,
Other inversion (control function) estimators have been suggested by Levinsohn and Petrin (2003) , Pavcnik (2002) and Doraszelski and Jaumandreu (2008) . To address the endogeneity bias, the GMM system estimator is also a suitable estimation method provided lagged values and lagged differences are good instruments [see Blundell and Bond (2000) ]. The degree to which these instruments are a good choice is subject to some discussion in the literature. Below we focus upon techniques which are more structural in nature. 10 Below we give a brief overview with emphasis on the mechanics of the estimator. More elaborated expositions can be found in Olley and Pakes (1996) and Ackerberg et al. (2007). where φ( . ) is approximated by a higher-order polynomial in i it and k it . Before moving further, let us recall that estimation of (9) leads to a consistent estimate of γ. However, estimation of (9) does not identify β, so some further effort is required to disentangle the effects of capital on investment from the effect on output.
In order to recover the coefficient of the capital variable, information on regional dynamics is exploited. We assume that productivity evolves over time as an exogenous first-order Markov process: (10) ,
where the stochastic nature of productivity improvement is captured by ξ it+1 which is treated as an iid shock with zero mean and variance . σ ξ 2 11 Regions will remain as attractive investment locations (χ it+1 = 1) as long as productivity exceeds a lower bound, i.e. χ it+1 = 1 for
, where χ it+1 is a survival indicator. Considering the expectation of [ ]
follows from the law of motion for productivity shocks and p it is the probability of attrition of region i in period t+1, i.e.
. In our implementation, we estimate the probability of attrition in the second stage by fitting a probit model of χ it on i it-1 and k it-1 and their squares and cross products. Denote the predicted probabilities from the probit model as .
In the third stage, this finally leads to the following equation by nonlinear least squares, which enables identification of the coefficient of capital, β:
where the unknown function g(
is approximated by a second-order polynomial. 12 Because the estimation routine involves three steps, deriving analytical standard errors is nontrivial. Therefore bootstrapped standard errors are used and the variation in the bootstrapped samples provides an estimate of the standard errors of the original point estimates. Measuring provincial capital stocks is a challenging task. Of particular relevance are the assumptions concerning depreciation rates, initial capital stock and the appropriate deflators. We compiled the capital stock data using the perpetual inventory method recently suggested by He et al. (2007) .
Needless to say, human capital stock data for China are hard to come by. Therefore, various previous papers have not paid attention to the differences between unadjusted labour input and human capital. Neither have they addressed the differences between the accumulation and the stock of human capital. In our approach below we use a proxy for the stock of human capital, since we believe that the stock of human capital generates technological innovations and facilitates learning and technology diffusion. 14 We first calculate the number of workers at different education levels using microcensus data. The Chinese microcensus provides the official representative statistics for the population and the labour market (National Sample Survey of Population Changes), covering each year 1‰ of all households in China. The survey allows one to calculate for each province i (i = 1, …,30) the shares of workers having finished primary school (S 1 ), junior secondary school (S 2 ), senior secondary school (S 3 ), special school (S 4 ) and higher education (S 5 ). Primary schooling is assumed to last 6 years, junior secondary school 9 years, senior secondary school 12 years, special school 11-12 years and higher education 16 years. The average length of schooling of the provincial workforce in period t can then be calculated according to (13) ( ) 
Multiplying l it with the provincial labour force then enables calculation of the stock of human capital as (14) . Force Labour it it it l H = It is well known that it is difficult to disentangle technological improvement from production inputs. Therefore, it is hardly surprising that contributions within this strand of research differ widely as to how R&D activities are inferred. In our study, patent applications are used as a proxy for technological innovations. Patent applications are easily accessible data and have been widely used as indicators of innovation and diffusion. 15 Another reason is that most studies find a very strong relationship between R&D and patent applications at the cross-sectional level: the median R² is around 0.9. 16 Because patent applications are disclosed only 18 months after filing, 2006 is the latest year for which data are available.
14 Similar methodologies have been used by Wang and Yao (2003) and Islam et al. (2006) . Although on-the-job training and firm-specific human capital investments contribute to the improvement of the human capital stock, they were excluded due to missing data and measurement problems. 15 One might be inclined to think that the number of patent filings is only a sketchy indicator of a country´s ability to generate ideas. This is because the usefulness of patents can vary widely, nor are all invention patents commercially successful. A good reference on the caveats of using patent data as a measure of innovation is Griliches (1990) . 16 See e.g. Griliches (1990) and Hausman et al. (1986) for the international evidence. Sun (2000) analysed the innovation landscape across Chinese provinces. The analysis supports the view that state-supported R&D activities are the major source of invention patent applications. Agglomeration does not seem to be a significant factor for patents in China, in contrast to findings of other studies.
China´s patent system is evolving fast, and enforcement, though lagging, is improving.
China´s Patent Law went into effect on 1 April 1985. Generally, the technology to be patented must pass four tests: that it is novel, useful, non-obvious and man-made. The law grants three types of patents: invention, utility model and design patents. Applications for invention patents are more rigorously scrutinized for novelty and non-obviousness before the patents are granted. Invention patents receive 20 years of protection, up to the global standard. On the contrary, the utility and design patents generally cover more incremental innovations and are not subject to examination for novelty and inventive step. In the empirical work below we use invention patent applications because we consider them to represent high quality ideas. 17 One caveat is worth mentioning. Focussing on patents as an indicator of innovativeness overlooks an important fact. What matters for economic innovation is turning scientific discoveries into new products and smart processes. In other words, a venturesome array of products and venturesome consumption patterns matter. One may argue that Chinese firms have a large pool of domestic customers that do not have the same high expectations as Western customers typically have. Chinese firms can therefore practise on their domestic customers while they improve quality to the point where they can begin to export. 18 This trend is important because countries that create intellectual property eventually enforce it as well. 19 Chinese patents include filings from domestic and foreign firms. Unfortunately, it is impossible to winnow domestic from foreign patents neatly because filings from joint ventures are always classified as having a Chinese origin. This implies that some international R&D spillovers arising from China´s "open door policy" are reclassified as intranational spillovers and hence included in the analysis. Cheung and Lin (2004) found supporting evidence that spillovers from FDI have sparked patent applications. Likewise, Hu and Jefferson (2009) found that China´s surge in patent activity is due to the amendments to property right laws and the expansion of FDI. One element that is missing is the possibility that regions benefit from spatial spillovers. The idea is that provinces can benefit from external knowledge. This requires a proxy for the ability of regions to learn or assimilate knowledge from others. The knowledge spillovers approach has been adopted by economists using different quantitative methods. To guide our thinking, we follow Funke and Niebuhr (2005) and Kuo and Yang (2008) and define a patent externality variable as (15) ,
where P j represents the stock of patents in province j, w ij represents the spatial weight and PS j is the patents spillovers variable. Knowledge external to a province is obtained as a combination of the stock of patents obtained by other provinces and weighted by a measure of proximity within the geographic space. 20 We assume that the spatial weights w ij decline with geographic distance and follow a negative exponential function with distance decay parameter β E defined as
where d ij is the rail travel time between the provincial capital cities i and j. 21 As β E increases, the frictional effect of distance rises and interaction declines.
22 Lastly, the parameter β E is defined as 20 The decisive factor in the knowledge transmission process is the difference between codifiable and tacit knowledge. This distinction helps one to understand why modern information technologies do not erase the importance of proximity. It is indeed difficult to visualise any barriers to the diffusion of codifiable information. But tacit knowledge is clearly different. Tacit knowledge is embedded in the minds of people and the routines of firms and so does not move easily from place to place. Even codified innovations like those covered in patents do not flow freely from place to place. Frequently, in order to make full advantage of the insights provided in a patented (codified) innovation, one needs to have the complementary tacit knowledge to apply it. Below we investigate this idea in more detail. 21 We choose rail travel time, rather than straight line distance, as it gives a more realistic representation of the cost of interaction and contacts across space. The use of kilometres would not allow us to take into account different types of train connections which significantly affect real world interactions. 22 Adams and Jaffe (2002) have emphasized that the flows of interregional knowledge spillovers are likely to wane with distance, as the potential for face-to-face and other forms of interaction decay. At the EU level, Greunz (2003) found a bounded effect on local patenting activity of innovative efforts pursued in the neighbourhood of up to 360 kilometres. In the same vein, Bottazzi and Peri (2003) found regional spillover effects with a positive impact of neighbouring regions´ R&D efforts within a 200-300 kilometre limit. This implies that knowledge spillovers are mainly an intra-national phenomenon.
(17) ( )
where D Min is the average distance between the capital cities of adjacent provinces and 0 ≤ γ E ≤ 1 is a transformed distance decay parameter. As is customary in the literature, we chose γ E = 0.8. The amount of knowledge flowing from outside the province is thus proxied by the magnitude of all other provinces´ R&D activity weighted by the inverse of the bilateral travel time.
In order to provide a sense of the data, the calculated neighbouring provinces´ patent stocks are given in Figures 3 and 4 . The data shed light on the role of technological diffusion, geographic distance and external accessible patents in the Chinese innovation process. The above ideas are embedded in the production function:
where y it is logged GDP (constant prices), k it is the logged capital stock, h it is the logged stock of human capital, p it is the logged provincial stock of patents, ps it is the logged stock of knowledge spillovers, coast is a dummy variable representing the economically most developed coastal belt, the λ t are time dummies and ε it is an iid error term. 23 The time dummies may control for macroeconomic shocks and potential endogeneity arising from transitory shocks while the "coastal effect" may pick up some omitted variables. 24 Previous work on regional growth across Chinese provinces has typically found a dummy variable for the coastal provinces to be positive and statistically significant. Table 1 looks at the contribution of each factor to GDP. 23 The coastal belt consists of the province/municipalities Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong and Hainan. 24 Note that the stock of human capital is rather sluggish and remains fairly constant over time. This implies that fixed effects cannot be estimated because coefficents will be weakly identified. Put differently, there is not enough variation in the data for a separate identification of all coefficients. The results also shed doubt on Krugman´s (1994) former assertion that growth in Asia is simply explained by input accumulation.
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Second, in columns 3 and 4 we have added the stocks of external accessible patents. The significant spillover variable in column 3 suggests that, to some extent, external R&D may even compensate for weak contributions of the R&D activities pursued locally. The flip side is that individual provinces may be held back, not just by their own endowment but by the endowments of their neighbouring provinces. If true, economic development would best be coordinated to be fully effective. As expected, the impacts of inter-provincial R&D spillovers are smaller than those of the own-R&D effect. The estimated magnitude of the stock of patents is 0.066, indicating that a 1 per cent increase in the stock of neighbouring patents would boost regional GDP by about 0.066 per cent, controlling for other variables. Column 4, however, indicates that the spillover variable turns out insignificant once the time dummies are added. The implication is that the uniform spillover variable has to be considered fragile.
Third, in column 5 and 6 we augment the specification with the coastal dummy as a further robustness check. The empirical results in Table 1 show that the dummy variable turns out to be significant, indicating a "missing element" in explaining regional growth across mainland China.
Alternatively, one might say that there is something unique explaining the coastal growth process.
The results in columns (5) and (6) indicate that coastal regions were on average 10 per cent more efficient than what would be predicted given their other characteristics.
Finally, we looked at the interaction of the coastal dummy variable with the R&D spillover variable. The results are documented in column 7 and 8. As can be seen, the results show that an increase in neighbouring R&D significantly boosts growth in the coastal areas while the own-patent stocks are still highly significant. Thus, other things being equal, a coastal province within an innovative neighourhood is more advanced than one in the vicinity of less innovative provinces. When the interactive term is included, the coastal dummy variable and the overall R&D spillover variable become insignificant. This implies that the intranational R&D spillover effects matter only for the more developed eastern provinces. The results also shed new light on the omitted causes of economic growth captured by the traditional eastern belt dummy.
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Summary remarks and conclusions
If China is to sustain growth in the years ahead, it must become a more innovation-based economy.
Firms need to introduce or improve products or production processes over time, first to satisfy market needs and second to cope with increased competition from diffusion phenomena. 28 We have therefore carefully utilized semiparametric estimation techniques and measurement to determine the impacts of innovation and diffusion on economic growth in China. 27 The new perspective implies that there is no need for a special "coastal theory", at least with regard to unequal growth across Chinese provinces. In other words, the suggested channel may be able to identify the cause of the "coastal enigma". 28 Japan, Taiwan and South Korea, which also started off by competing mainly on cheap labour, ended up challenging the West´s biggest technology companies. All three countries now own a plethora of patents.
Our econometric approach enabled us to analyse different regional capacities to innovate and to assimilate innovation. Several implications can be extracted from the results of the empirical analysis. Local patents show a positive and significant relationship with provincial GDP. This implies that innovation was an important engine of growth in China over the sample period. Furthermore, external patents and neighbourhood effects turn out to be significant solely in the economically more active coastal provinces. This distinction is important for understanding the nature of the innovative landscape across China and may help us to develop regionally differentiated development policies.
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In the future one can imagine the development of even more elaborated methods and models. Nevertheless, we feel that already much is learned by applying state of the art models to the data, and seeing how well they describe reality. We hope this is what we have accomplished here.
